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Abstract
This paper aims to promote the importance and advantages that the clustering method brings to the world of industry,
aking it possible to increase production efficiency and to manage the energy resources available better. The purpose of this
aper is to group the consumption profiles of a task, in order to be able to determine which is the typical load profile of the task
hrough the Fuzzy C-Means clustering method. The case study of this paper focuses on a task performed by three machines
hat make up a textile production line that makes several products. Each product, when going through a task performed by a
pecific machine, has a specific consumption and duration. Thus, by machine, it is determined which is the typical profile of
deal consumption to perform the designated task. In the same way, the general consumption profile of the task is highlighted,
hat is, the possible consumption profile to be expected when executing this task on one of the three machines.
c 2020 Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license
http://creativecommons.org/licenses/by-nc-nd/4.0/).
eer-review under responsibility of the scientific committee of the 7th International Conference on Energy and Environment Research, ICEER, 2020.
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1. Introduction
Nowadays, in the world of industry, there is a high demand for methods that allow us to efficiently optimize
he management of energy resources without interfering with production. However, in order to make efficient
anagement, it is essential to acquire specific data, in order to be able to carry out the analysis correctly and,
ubsequently, the planning of how to act in the face of the problem. Thus, the typical load profile (TLP) concept,
ecomes crucial to facilitate and improve the management of energy resources.
Typically, the TLP, according to [1] and [2], represents the average daily energy consumption of a group that has
onsumption profiles with similar characteristics. As a rule, this grouping contains different consumption profiles
or a given consumer subject to certain conditions. However, taking into account the context of this paper, instead
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of consumer profiles, this grouping contains a diversity of consumption profiles of machines performing various
tasks. In order for the TLP of tasks to be as realistic and accurate as possible, it is necessary to implement clustering
algorithms.
In this context, clustering is a method that can group a variety of consumption profiles that have similarities
t the pattern level. Clustering is an unsupervised method that has enormous relevance in machine learning, data
ining, pattern recognition, and more [3,4]. In clustering, there are a variety of methods, with partitioning clustering
eing one of the most well-known [5]. In general, it allows, through an objective function, to partition an input
ata set by the desired number of clusters, where each of these clusters contains the input data that share similar
haracteristics [6]. Partitioning clustering encompasses popular algorithms, such as K-Means and Fuzzy C-Means
FCM), which are classified, respectively, as hard and soft clustering [7,8]. Of these two, FCM stands out for its
bility to provide more information about the data treated, where it allows the ambiguity of each of these data
o associate with more than one cluster, unlike the hard clustering algorithm. In other words, the FCM algorithm
llows reducing the limitations of the K-Means algorithm, making it possible to obtain better results, as can be seen
n [9,10].
Thus, within the scope of this paper and energy, the FCM method demonstrated in [11], is used, where it allows
he creation of the intended TLPs, which later facilitate the management of energy resources. Thus, this paper
s structured as follows. Section 1 depicts the introduction to this paper. Section 2 shows the methodology used
hrough a diagram, and also describes the different phases of the same. Section 3 highlights the case study of this
aper, illustrating the different scenarios studied. Section 4 demonstrates the results and, finally, Section 5 presents
he conclusion.
. Approach
This section explains the methodology in detail, supported by Fig. 1. Initially, Data acquisition takes place, which
onsists of obtaining the own consumptions of the machine, in periods of 5 min and the information of the tasks,
egarding the beginning and the end of each task.
Fig. 1. Proposed Methodology.
The Data cleaning step, in an initial phase, consists of the data fusion, between the information from the tasks
with the consumption of the machine in order to determine the consumptions, the durations, and the number of
times that each task was performed. Subsequently, the set of consumption profiles existing in a month is brought
together by the task. These profiles do not always have the same duration, leading to the need to standardize the
periods of these consumption profiles first. Where in this process, after analyzing the different consumption profiles
of the respective machine task, an X and Y value is determined, which represents, respectively, the minimum and
maximum value of periods that each profile must-have. Those profiles that have a number of periods less than X
are eliminated, while in profiles where a number of periods are more significant than Y, in these, the excess is156



















simply removed. Subsequently, of the profiles that respected the previous procedure, those that did not reach the Y
limit, the remaining periods up to that value are added, starting from the second half of the values of the respective
consumption profile. That is, in order to avoid the initial peak consumption of the task, which corresponds to the
warming-up of the machine to perform the task, the second half of the consumption profile is used in order to
continue the profile. In order to reach the Y limit, it may be necessary to use the values of the second half of the
profile more than once, wherein the end, if the limit is exceeded, the surpluses are removed.
Then, by having all consumption profiles with the same duration, those that do not fit with the others (outlier
rofiles) are removed. In this way, the Clustering of the consumption profiles of each task becomes possible. As
or the third step, it consists of grouping the different consumption profiles by consumption pattern, through the
uzzy C-Means (FCM) method. In the context of this paper and in general, this method consists of assigning each
f the consumption profiles to a respective cluster. In order to obtain the ideal cluster for a consumption profile, for
ach K cluster, it is determined and assigned a degree of membership for each existing consumption profile, where
t corresponds to a value that varies between 0 and 1, and indicates the degree of how much the profile belongs
o that cluster. The sum of all the membership values attributed to the K clusters by consumption profile must be
quivalent to 1. Thus, each consumption profile is associated with the different K clusters by the membership value.
After forming the K clusters, the respective centroids are determined. The centroid corresponds to the TLP of
he machine performing the respective task. In the same way, it is intended to determine the general TLP of the
ask, that is, a profile in which the task can be represented, seen from the perspective of the production line.
. Case study
The case study of this paper focuses on a task performed by three machines (A, B, and C) that make up a textile
roduction line that makes several products. Fig. 2 aims to demonstrate the different consumption profiles of the
hree machines performing the task before the treatment explained in the second step in the proposed methodology,
herein total there are 59 profiles with periods of 5 min. This paper presents four scenarios (A, B, C, and D), where
he first three illustrate the different consumption profiles used (after treatment), per machine, with the respective
entroids of the generated clusters. In this way, it is possible to determine the best TLP for each machine. The last
cenario consists of generating different clusters with all the consumption profiles of the three machines, making it
ossible to visualize how the general TLP of the task in question would be.
Fig. 2. All consumption profiles before being treated.
4. Results
Table 1 illustrates the resulting partitions for each of the proposed scenarios, highlighting, by scenario, the number
of elements in each cluster. In each scenario, the profile of Cluster 1 and 2 is presented, with the exception of scenario
D, where there are six clusters. In scenario D, it was considered that the ideal would be to place all consumption
profiles with a total number of 40 periods.
Concerning scenario A, illustrated in Fig. 3, it shows the machine that performs the task in question less often.
However, of the three machines, it is in this that it is verified that the consumption profiles share a very similar157
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3 – – – 5
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6 – – – 10
Fig. 3. Profiles of the generated Clusters and the consumption profiles of machine A. (For interpretation of the references to color in this
figure legend, the reader is referred to the web version of this article.)
consumption pattern. Cluster 1 is made up of elements that have very similar consumption patterns, with the profile
in blue being the excluded one, since it stands out from the others. So, this cluster is the TLP of this machine.
As for scenario B, not shown in detail due to limitations of space in this paper, it includes 16 consumption profiles
f a machine, where in the first moments, it appears that there is, in most of the profiles, a peak that represents the
achine to be prepared to perform the assignment. As the task is performed, the behavior of the profiles becomes
ore uniform, with little variation. The profile of Cluster 1 corresponds to the TLP of this machine.
Regarding scenario C, not shown in detail due to limitations of space in this paper, this represents the largest
ariety of consumption patterns, with a total of 17 profiles. Where the profile of Cluster 2, depends solely on the
hree profiles that have higher consumption, making them stand out from the rest. Thus, like most profiles, it is
ound in the set below, making the TLP correspond to the profile of Cluster 1. Finally, in order to compare the
lusters of scenario D with each of the clusters generated in the previous scenarios, Fig. 4 is illustrated, where
cenarios A, B, and C are represented, respectively, in graphs (a), (b), and (c). The legend of the genre “Cluster s.c
rofile” is used, where the elements s and c indicate, respectively, the scenario and the cluster.
In scenario D, 6 clusters (k = 6) are generated to obtain at least 2 clusters that are similar to the 2 clusters
generated in scenarios A, B, and C. In this way, it is easier to obtain the general TLP of the task in question.
In an initial phase, it also appears that two of the profiles of the clusters in scenario D, D.2 and D.6, are almost
identical. From a general perspective, this figure shows that, despite having few consumption profiles, the machine
in scenario A is the one that requires more energy to perform the task in question, while the machine in scenario C
is the one that requires less. Concerning the machine A scenario, we can see that Cluster D.5 has many similarities
with Clusters A.1 and A.2, both in terms of peak occurrences and in the magnitude of energy consumed. Regarding
the remaining clusters in scenario D, they have no similarity with the clusters in scenario A. Concerning graph (b),
in this case, it is already verified that at least the profile of Cluster D.1 has many similarities about the magnitude
of consumption with Cluster B.1. In this way, due to the similarity between them, the profile of Cluster D.1 can
be seen as the general TLP of this task. In the case of cluster D.4, this is included among the clusters generated in
scenario B, however, in a final phase, it presents some similarities with cluster B.1, in terms of consumption, being
slightly smaller. Cluster D.3, has many similarities with Cluster B.2 in relation to energy consumption. This cluster
has energy peaks that Cluster B.2 does not. Finally, in scenario C, the profile of Cluster D.3 has some similarities
158
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with Cluster C.2. As for the profile of Clusters D.6, it presents a pattern very similar to the profile of Cluster C.1.
However, they have slightly higher consumption than the profile of cluster C.1.
5. Conclusion
This paper details a method that helps make the management of an industry’s energy resources more efficient.
This method, through FCM, allows creating the TLP of a task executed by a machine, where it stands out when a
power peak occurs, the magnitude of that peak as well as the number of times it occurs. In this way, for a given
product made on a production line, which goes through different tasks until finalized, it is possible to estimate the
necessary energy resources through these TLPs, thus facilitating management planning. Within the scope of this
paper, a possible improvement would be to consider different modes of operation of a machine for a given task. So,
instead of just taking into account one task’s TLP, per machine, we look for several. In this way, it would enable an
increase in the accuracy of the estimation of the energy resources necessary for the manufacture of a given product.159
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